Background: Colonoscopy outcomes, such as polyp detection or complication rates, may differ by procedure indication.
B ecause of the high volume and cost of colonoscopy in the United States, measuring the quality and outcomes for this procedure is vital. 1, 2 Although electronic health records are increasingly common, their use for quality measurement may be limited because the data format may differ across platforms; they usually cover circumscribed care settings; and they may cover fewer patients than claims data. Therefore, utilizing claims data are attractive as these data are readily available, have broad coverage, and are coded using standard administrative codes.
However, an important first step to using administrative data in quality measurement is to establish the validity and accuracy of the coding. In this context, developing methods to identify the original reason, or indication, for the colonoscopy is important, as diagnostic colonoscopies may have higher rates of biopsy, polypectomy, complications, or incomplete exams than colorectal cancer screening colonoscopies. Therefore, understanding the indication for colonoscopy is important for accurately measuring these quality parameters. Such methods might assist policy makers in monitoring colorectal cancer screening and surveillance rates in the Medicare population and in studying quality and outcomes of screening and surveillance colonoscopy. For example, 1 Medicare quality measure is the use of appropriate surveillance intervals in patients with prior adenomatous polyps. 3 To implement this measure, it is important to determine that a colonoscopy is being performed for surveillance and not diagnostic indications. In addition, retrospective studies assessing the impact of colonoscopy on colorectal cancer incidence and mortality require accurate classification of colonoscopy indications. 4, 5 Therefore, the aim of this study was to develop and validate methods that distinguish screening, surveillance, and diagnostic colonoscopy indications using claims-based data.
METHODS
This study was approved by the Institutional Review Board of the University of Washington. The Oregon Health and Science University Institutional Review Board approved the creation and ongoing use of the Clinical Outcomes Research Initiative (CORI) data repository. We obtained a waiver of consent for HIPAA authorization.
Data Sources CORI
The CORI data warehouse includes data from the medical records of gastrointestinal endoscopy procedures from participating sites, [6] [7] [8] which broadly represent current endoscopic practice and are chosen according to size, location, and type (academic vs. Veterans Administration vs. community-based). Participating CORI sites use specialized software to generate all procedure reports and all information entered into the colonoscopy report is available in the data warehouse except as specified below. Because personal health information is removed from CORI data to comply with HIPAA regulations, exact date of birth is not available, but age is available to 1/100th year. All colonoscopy reports contain standard data elements, including the indications for the procedure, findings, diagnoses, and additional procedures performed, such as biopsy or polypectomy. Most data are entered in a check-box format or from pull-down lists; options for free-text data entry are also available. Procedure indication is a mandatory field, and endoscopists must choose a primary indication if more than 1 indication is checked.
We excluded endoscopists whose practices no longer participated in CORI in 2009 and endoscopists from Veterans' Administration or military sites, which generally do not submit claims to Medicare. The 270 eligible endoscopists were mailed informational materials about the study and given the opportunity to opt out of participating. We obtained consent from 190 endoscopists in 55 practices for use of their data for this study. Eighty-five percent of endoscopists were community-based, and 15% were in academic practice. Participating practices were located in 20 states nationally. CORI endoscopists were matched to their Unique Physician Identification Numbers (UPINs) to allow identification of corresponding Medicare colonoscopy claims.
Medicare Claims
CORI-participating physicians' UPINs were submitted to the Centers for Medicare & Medicaid Services. Claims for colonoscopies performed by these physicians in 2006 and all claims in the prior 12 months for these patients were extracted from the Medicare Carrier and Outpatient files through the Chronic Conditions Warehouse (CCW) 9 using Current Procedural Terminology (CPT) and Healthcare Common Procedures Coding System (HCPCS) codes ( Table 1 ). The Carrier File contains claims for inpatient and outpatient physician services and ambulatory surgery centers; the Outpatient File contains claims from hospital outpatient departments. Each claim includes the date of service, performing provider UPIN, procedures performed (CPT/HCPCS codes), and associated diagnoses [International Classification of Diseases-9 (ICD-9CM) codes]. We used the CCW Beneficiary Summary File to obtain patient age and sex.
Linkage of Data Sources
We obtained CORI procedure reports and Medicare claims for patients ages 65 and older who underwent colonoscopy by CORI physicians in 2006. We used 4 matching criteria to link the CORI procedure reports to the corresponding Medicare claims: date of service, performing provider UPIN, patient sex, and patient age. To define the colonoscopy claim date of service, we used the variables Line First Expense Date and Line Last Expense Date in the Carrier file, which identify the first and last dates of service for the line item in the claim. If the first and last dates of service differed, the date of service in the CORI record could match to any date within the range of service dates, +/ À 1 day. Patient age in the claims was calculated from the date of service and beneficiary birth date. We required exact matching for performing provider UPIN and patient sex, and matched patient age to 1/100th of a year.
Eighty-one CORI records matched to more than 1 claim in the Carrier or Outpatient CCW Files because a single colonoscopy can result in multiple Medicare claims (eg, physician and facility claims). In these instances, we used CPT/HCPCS and ICD-9CM codes from all available claims in the Carrier and Outpatient Files in our analysis. Conversely, in 21 instances, 1 Medicare colonoscopy claim appeared to match to more than 1 CORI colonoscopy record. In these cases, we could not be certain which CORI record truly matched the colonoscopy claim, and we excluded the claim from analysis. After these matching criteria and exclusions, we had 15,168 claims for further analysis (Fig. 1 ).
Determination of Colonoscopy Indication
We used the CORI data as the gold standard and reviewed the check-box and free-text data in the colonoscopy Because 1854 (12.2%) patients had more than 1 indication entered in the CORI report, 2 gastroenterologists (C.W.K., J.A.D.) and 1 family physician (L.-M.B.) examined all available check-box and free-text data and used a predefined hierarchy to determine the final indication classification. In this hierarchy, diagnostic indications took precedence ove surveillance indications, followed by high-risk screening indications, and lastly average-risk screening indications. For example, if a patient had both average-risk screening and diagnostic indications listed, the indication was classified as diagnostic. We excluded patients with indications of inflammatory bowel disease (ulcerative colitis or Crohn disease, N = 279), because of difficulty distinguishing whether these exams were performed for diagnostic or surveillance indications. We also excluded colonoscopies where indications were missing (N = 8), the primary indication was a therapeutic intervention (N = 28), or where the indication was surveillance of prior carcinoid tumors or lymphoma (N = 9), leaving 14,844 procedures for analysis ( Fig. 1) . Overall, the indication for colonoscopy was average-risk screening in 24%, high-risk screening in 5%, surveillance in 30%, and diagnostic in 42%.
Statistical Analysis Predictor Variables
We used groups of CPT/HCPCS and ICD-9CM diagnostic codes from both the colonoscopy claim itself and from claims during the 12 prior months to determine indications (Tables 1 and 2 ). We did not use ICD-9CM diagnosis codes for colorectal polyp (211.3, 211.4), colorectal cancer (153.x), diverticulosis (562.1x), or hemorrhoids (455.x) if they were on the colonoscopy claim itself, as these codes could represent procedure findings rather than indications. However, these codes were considered if they were present before the day of colonoscopy. We also grouped codes with similar clinical meanings into a single dichotomous variable ( Table 2) . For example, all ICD-9CM codes for anemia were grouped into 1 dichotomous variable for analysis.
The following covariates also served as potential predictors: age, sex, race, region, state, university facility (yes/no) and service site (outpatient hospital, inpatient hospital, ambulatory surgery center, office, and emergency room). All categorical variables were used as indicator variables. Indicator variables were eliminated if the number of positive or negative responses was <10 in either the training or the test set. If pairs of highly correlated predictors were found (Pearson correlation >0.99), only 1 of the 2 variables was retained.
Outcomes
Because the type of algorithm to discriminate colonoscopy indications may differ according to the research 
Training and Test Sets
We divided the overall sample into training and test sets. Because individual practices may have different coding patterns, we randomly divided the procedures by practice site rather than by the individual procedures to improve generalizability of our algorithms. Practice sites were paired by the mean number of HCPCS per procedure, number of procedures per facility, facility type (hospital, ambulatory center, office), proportion with each colonoscopy indication, and geographical region. One member of each pair of practice sites was randomly allocated to the training set, and the other to the test set to ensure a roughly equal distribution of these variables in the 2 sets. The training set comprised 27 practice sites and 7515 colonoscopies, whereas the test set contained 28 practice sites and 7329 colonoscopies.
Model Building
To be robust in our search for the best model, we used 2 different modeling approaches: linear discriminant analysis (LDA, a parametric method) 10 and classification and regression trees (CART, a nonparametric method). 11 As a parametric method, LDA was able to utilize the scale of continuous variables such as age, whereas CART was not. However, the presence of outliers in continuous variables may cause poor model construction and prediction for LDA but not for CART. CART is generally more adept at detecting interactions than LDA. In the model-building process, we also initially considered three other approaches: multinomial logistic regression, random forests, and conditional inference trees. The choice of predictor variables and the internal cross-validation results for these 3 additional models were very similar to the results for LDA and CART. We eliminated these 3 approaches from subsequent use because we wanted to explore a relatively succinct set of models, avoid overfitting, and find models that were not overly complicated.
LDA models were built using the recursive feature selection algorithm. 12 To prevent overfitting of LDA models, we used 10-fold cross-validation to determine the number of variables to be used in the model building. 13 The CART model already includes cross-validation in its model-building algorithm. The classification algorithms were built to result in the best possible (cross-validated) accuracy in the training set.
We built separate models starting with different 2 sets of candidate predictor variables: (1) all variables, including both individual and grouped ICD-9 or CPT codes (242 variables) and (2) all variables except the individual ICD-9 codes (127 variables). The rationale for the second set of predictor variables was to determine whether good prediction could be achieved by starting with a much smaller set of variables-an approach that can reduce overfitting.
The best-performing algorithms were then validated in the test set. Other performance characteristics [k values, area under the curve (AUC), sensitivity, and specificity] were calculated, and confidence intervals for these statistics were based on the nonparametric bootstrap, using the practice site as the unit of resampling. 
RESULTS
We identified 3 algorithms which performed well in identifying colonoscopy indications, 1 developed using CART and 2 using LDA. Linear discriminant models were built with up to 100 predictor variables. The accuracy (ie, percent correctly classified) by the LDA model in the training set increased by 5% when the number of predictors increased from 10 to 30, but only by 1% when the number of predictors increased from 30 to 50. There was no appreciable improvement with inclusion of more than 50 predictor variables. The model with 10 variables had cross-validated accuracy of 72% in the training set, whereas models with more variables had accuracy up to 78%. We chose 2 LDA algorithms, a simpler one with 10 predictor variables and a more complex and more accurate one with 30 predictor variables (LDA10 or LDA30, respectively). The parameters of the LDA models (LDA scaling matrix and group means) are tabulated in Supplemental Digital Content Appendix Tables 1 to 4 (http://links.lww.com/MLR/A281, http://links. lww.com/MLR/A282, http://links.lww.com/MLR/A283, http://links.lww.com/MLR/A284) along with a formula to calculate predicted probabilities for new observations from these models (Supplemental Digital Content 1, http://links. lww.com/MLR/A285, Description of linear discriminant analysis models). The CART models are presented as decision trees; the total sample size and accuracy in the test set are shown at each leaf of the tree.
Variables used in the CART algorithm for the 4-level classification include ICD-9CM codes for average-risk screening, personal history of colorectal polyps or cancer, family history of colorectal polyps or cancer, gastrointestinal bleeding, and the total number of prior ICD-9CM codes present from the codes in the second column of Table 2 (Fig. 2) . The test set accuracy of this CART algorithm was 71% [95% confidence interval (CI), 66%-74%] ( Table 3) . For the 4-level CART algorithm, the AUC, an alternative method for evaluating prediction performance, was 0.87 for average-risk screening indications (Table 3 ). An AUC of 1 represents perfect classification, whereas AUC between 0.80 and 0.90 represents good to excellent classification. Cohen's k, which evaluates the extent of agreement with the gold standard over that expected by chance, varied between 0.52 and 0.60 in the 4-level classification, indicating moderate agreement with the CORI records. In the 4-level classification, sensitivity for individual indications varied from 45% for high-risk screening to 80% for surveillance. Specificity for individual indications varied from 79% for surveillance to 99% for high-risk screening. As an example, these results mean that 79% of colonoscopies not performed for surveillance were predicted to have nonsurveillance indications by this algorithm. Positive predictive values varied between 61% and 80%. The overall accuracy of LDA10 algorithm was similar to the CART algorithm, but with somewhat higher sensitivity for diagnostic and high-risk indications and lower sensitivity for surveillance indications. The overall accuracy of the LDA30 algorithms was 3% to 5% better than the CART and LDA10 algorithms.
The accuracy of the CART algorithm slightly improved from 71% in the 4-group classification to 72% (95% CI, 68%-76%) in the 3-group classification (average-risk screening, surveillance/high risk, diagnostic) (Table 3 and Supplemental Digital Content Fig. 1 , http://links.lww.com/ MLR/A286, which shows the CART algorithm). Sensitivity for average-risk screening or diagnostic indications remained similar, while specificity for average-risk screening indications remained high at 96%.
Accuracy of the CART algorithm was highest (85%-86%) when we used 2-group classifications of indication (diagnostic or average-risk screening vs. all other indications) ( Table 3 ). The CART algorithm for diagnostic indication had a sensitivity of 77% (95% CI, 71%-82%) and specificity of 90% (95% CI, 86%-92%) (Supplemental Digital Content Fig. 2 , http://links.lww.com/MLR/A287, which shows the CART algorithm). For example, this would mean that 90% of colonoscopies performed for screening or surveillance indications were appropriately predicted not to be diagnostic. The CART algorithm for average-risk screening indications had a sensitivity of 56% and a specificity of 97% (Supplemental Digital Content Fig. 3 , http:// links.lww.com/MLR/A288, which shows the CART algorithm). As expected with fewer predictor variables, LDA10 algorithms had generally lower accuracy, sensitivity, and specificity than LDA30 algorithms.
We examined characteristics of the average-risk screening colonoscopies that were or were not correctly identified by our algorithms. When compared with those that were misclassified, a lower proportion of average-risk screening colonoscopies that were correctly classified by the CART algorithm had polyps identified (52% vs. 21%), biopsies performed (29% vs. 12%), or polypectomies performed (31% vs. 11%). We found similar results for the LDA10 and LDA30 algorithms (data not shown). Thus, average-risk screening colonoscopies where polyps are identified or removed may be particularly difficult to identify with claims data.
DISCUSSION
We have developed several algorithms with sufficient accuracy to identify colonoscopy indications from Medicare claims data. We present algorithm variations that may be useful for different purposes, depending on the specificity needed and the complexity of implementation. For example, researchers wishing to study trends in screening rates could use algorithms to identify average-risk screening colonoscopies, which have high specificity but relatively low sensitivity. With this choice, researchers can be confident that they are finding and excluding surveillance and diagnostic colonoscopies, but some average-risk screening colonoscopies may also be excluded. Others may wish to study outcomes for screening or surveillance colonoscopy. By using an algorithm to identify diagnostic indications, a large proportion of such exams can be excluded from further analysis. The final choice of algorithm will likely depend on the needs of the specific study. Although there are no a priori rules for determining whether the accuracy of algorithms is sufficient, we suggest that researchers consider the positive and negative predictive values of the algorithms in the context of their research questions. Sensitivity analyses could be performed to determine the effect of different classification methods (as presented here) upon study results in relevant subsets of the study data. Further considerations of accuracy and other performance characteristics, methodologic complexity of the classification method, and computational requirements will determine the final algorithm choice.
Our algorithms are consistent with clinical indications for diagnostic or screening colonoscopy. For example, in the 4-group CART algorithm (Fig. 2) , ICD-9CM codes for gastrointestinal bleeding on the colonoscopy claim were key in identifying diagnostic indications. In the 4-group LDA30 algorithm, ICD-9CM codes for anemia, gastrointestinal bleeding, abdominal pain, and diarrhea on the claim were predictive of diagnostic indications, whereas ICD-9CM codes for family history of colon cancer or polyps were predictive of high-risk screening indications. This consistency with clinical practice gives our algorithms face validity.
Average-risk screening colonoscopies were consistently the most difficult to identify accurately, likely due to Medicare coding guidelines. These guidelines require that claims for average-risk screening colonoscopy without biopsy or polypectomy be submitted using HCPCS code G0121 (average-risk screening colonoscopy). If a biopsy or polypectomy is performed, CPT codes 45380 (colonoscopy with biopsy) or 45383 (colonoscopy with polypectomy) should be used instead. ICD-9CM codes V76.41 or V76.51 (screening-malignant neoplasm colon or rectum, respectively) should be submitted whether or not a biopsy or polypectomy is performed. Problems arise as the CPT codes for screening colonoscopy with biopsy or polypectomy are also used for diagnostic colonoscopy, and the ICD-9CM screening codes are not always included with the colonoscopy claims. We found that correctly identified average-risk screening colonoscopies were less likely to have polyps identified or biopsies or polypectomies performed. Therefore, screening colonoscopies with biopsy or polypectomy may be particularly difficult to identify. Concerns about high copayments for average-risk screening colonoscopy may cause some endoscopists to code these exams as diagnostic exams, potentially lowering the sensitivity for average-risk screening colonoscopy. However, in these cases, endoscopists are likely to also document a diagnostic indication in the colonoscopy report to support the claim. This would cause the colonoscopy to be classified as diagnostic by our gold standard, and would have little effect on our results. Overall, the difficulty with identifying screening colonoscopy with biopsy or polypectomy may cause some bias in studies of screening colonoscopy using administrative data, for example, by leading to underestimation of polyp detection, biopsy, or polypectomy rates during screening colonoscopy. Because those screening colonoscopies that are most likely to provide benefit (ie, those with biopsy or polypectomy) are less likely to be identified, this may also bias estimates of screening effectiveness.
Other algorithms to determine colonoscopy indications using administrative data [14] [15] [16] have been described. Fisher et al 15 examined 650 colonoscopies within the Veterans Health administration, and used codes within 1 year before the exam to designate an exam as screening or non-screening. The best algorithm had a sensitivity of 83% and specificity of 76% for screening exams. Haque et al 14 studied 220 patients in Kaiser-Permanente to identify screening or diagnostic colonoscopies. This algorithm did not include some of the diagnostic codes that we found important, such as ICD-9CM codes for diarrhea, anemia, or a personal history of colorectal polyps. Codes for gastrointestinal bleeding were only used if they occurred within 45 days of the colonoscopy. The sensitivity of this algorithm was 84% with specificity of 76% for identifying screening exams. However, neither of these algorithms attempted to separately identify surveillance indications or validate their results on independent test sets, and both used data from circumscribed care settings. The advantages of our study are inclusion of multiple practice sites around the country and availability of a larger training and test set. Therefore, our algorithms are more likely to be generalizable to diverse care settings. However, our study was limited to the Medicare population and may need to be validated for use outside this population. In addition, our practice sites had agreed to participate in CORI, and their coding practices may differ from non-CORI practices. Another potential limitation is the methods we used to link the CORI records to the Medicare claims. We did not have direct identifiers available in the CORI data, but used strict matching criteria based on age, sex, date of service and endoscopist's UPIN. We cannot verify the accuracy of this matching, but other studies using similar methods have found high matching accuracy (over 95%) even without direct patient identifiers. 17 Limitations also include use of codes only within the 12 months before colonoscopy. Some patients undergoing surveillance may have codes for personal history of colorectal polyps or cancer that were only present more than 12 months before the index colonoscopy, potentially causing us to underestimate sensitivity for surveillance exams. We used a predefined hierarchy of indications, in which colonoscopies with a combination of both diagnostic and screening/surveillance indications were classified as diagnostic. This predefined hierarchy may lower the sensitivity of our algorithms for screening or surveillance colonoscopies. However, this hierarchy is consistent with clinical definitions, where screening or surveillance can occur only in the absence of symptoms. Finally, it is possible that endoscopists do not report indications correctly, leading to an incorrect gold standard. We did not obtain medical records other than the CORI report for review, so we could only look for agreement of the claims with the CORI report.
In summary, we present several algorithms to determine colonoscopy indications from administrative data. These algorithms have been developed in a dataset obtained from practice sites nationally, and have been tested in a validation set of colonoscopy claims. These algorithms have moderate sensitivity and specificity for average-risk screening indications, and can be used for studies of colonoscopy utilization and outcomes using Medicare populations. Further validation may be needed for studies using alternative populations.
